Abstract-In a worldwide context, space heating is the largest energy consumer in commercial buildings; it accounts for 35% of the total energy consumed in the US. Energy efficient thermostats, that learn occupancy patterns and user preferences, haven been studied in literature. However, they are oriented to singleuser environments; therefore, they are not applicable in offices where several users interact, i.e. multi-user environments. To expand the single-user techniques in order to cope with multiuser environments, two methods are proposed to derive the user's expected temperatures demands based on their occupancy profiles and individual preferences in terms of desired temperature and tolerance. This paper presents the implications of the implementation of such techniques by means of a case study of two users in an academic office. We observed that the proposed methods reduced the operational time up to 33% compared to a reference fixed schedule of 12 hours while maintaining user comfort. In conclusion, smart thermostats can also reduce energy consumption in multi-user environments while guaranteeing individual user expectations.
I. INTRODUCTION
Space heating accounts for 35% of the total energy consumption in commercial office buildings in the US [1] . Savings of 6-17% have been reported by incorporating a smart thermostat, which learns by observing the activity of inhabitants to adapt its usage [2] .
In this context, the prediction of household occupancy plays an important role in the building blocks of a smart thermostat system. The smart thermostat can decide when to start or stop heating mainly based on occupancy predictions. Currently, fine grained occupancy information can be extracted accurately from sensors in diverse manners providing individualized and aggregated information regarding the presence of users [3] . In literature, several studies regarding occupancy prediction in smart thermostats have been reported. Kleiminger et al. [2] presented a comparative study of the most relevant occupancy prediction methods in literature. However, the referred studies focused only on single-user environments, which in most cases is not realistic. A multi-user environment, on the contrary, is a more common environment. Available studies regarding the combination of user profiles, i.e. individual preferences, and constraints, to perform specific tasks are only oriented to areas such as recommender systems [4] , aware environments [5] , etc.
To cope with this shortcoming, we propose two methods to combine user profiles in terms of occupancy and thermal preferences to determine a reference temperature in the room under consideration while maximizing the overall user comfort and minimizing the energy consumption: (1) combining the occupancy information of all the users and merging them to create one aggregated user; and, (2) combining individual occupancy predictions and preferences, i.e. thermal and willingness to bear discomfort, in a weighted manner. This paper discusses the implementation details of such techniques and evaluates them in terms of operational time reduction of the heating system.
II. DATASET DESCRIPTION
A binary time series representing occupancy, i.e. 0 indicates absence, in an office environment was available for this study. An implicit occupancy sensing method based on computer interactions was used to record user's activities. This method derives occupancy based on the computer's network traffic level and provides the required information to perform the experiments, i.e. user identity and number of occupants [3] . Two users, i.e. user 1 and user 2, were monitored for 22 full weeks and their occupancy observations were logged every 15 minutes. Figure 1 provides insight into the users occupancy behaviour by showing their weekly presence probability (upper row) and the occupancy time series auto-correlations (lower row). The heatmap shows weekly occupancy probabilities color wise (rows). The x-axis represents time, and the y-axis the weeks covered. The occupancy probabilities were computed by averaging the daily occupancy information for the corresponding week. The auto-correlogram supports the intuition that human presence is highly correlated to the previous days and weeks.
A third user was created artificially. This user is labelled as 'merged' and is the combination of the two monitored users. The combination was determined by comparing their occupancy information; a presence status was recorded if one of the users was present; otherwise, absence was recorded. The derived information is depicted in the third column of Figure 1 . As shown in its correlogram, the daily and weekly correlations are still present. 
III. METHODOLOGY
This section presents the description of the methodologies used to combine individual occupancy user profiles in a multiuser environment setting. Since multi-user techniques are based on single-user ones, initially we describe how to perform occupancy prediction for a single user. Then, the methodology to merge profiles based on an aggregated user is presented. Finally, a weighted methodology to merge individual profiles is described.
A. Occupancy Prediction in a Single-user Environment
In the context of smart thermostats, a single-user environment refers to a setting where only one user interacts with the system. Typically, heating systems have a large inertia; therefore, the future occupancy of the room is crucial to achieving the desired temperature in time. Several studies have been reported in literature regarding occupancy prediction. Kleiminger et al. [2] performed a comparative study with the most relevant contributions in this area.
De Bock et al. [6] proposed a methodology to perform individual occupancy prediction with promising results. Here, two main blocks are required: (1) clustering user occupancy to determine typical days; and, (2) occupancy prediction based on the most likely cluster and contextual information. The clustering step is based on the work of Truong et al. [7] ; as a result, typical days in terms of occupancy were found. The occupancy prediction was performed by combining the likelihood of the clusters given the weekday, the occupancy observations of the current day and the cluster memberships of the previous weeks [8] .
The graphical model used to find the typical occupancy days is depicted in Figure 2 . The parameter dependencies are given by the directed arrows. The observed variables x n and q n represent the daily occupancy observations and their corresponding weekdays respectively. The hidden variable z n represents the type of day that the day x n belongs to. A Dirichlet process mixture (DPM) implemented by a blocked Fig. 2 . Graphical model for the occupancy activity in an office environment [6] Gibbs sampler is used to perform the estimations as well as to determine the number of clusters K. The method initialises the parameters randomly. Then, it iteratively alternates resampling from the posterior distributions of the unknown random variables aiming to maximize the likelihood of the model. For a more elaborate mathematical explanation of this method, the reader is referred to [7] .
The occupancy prediction is composed of two main steps: (1) determining the most likely cluster of the current day; and, (2) predicting occupancy based on the selected cluster. Let t = 1, . . . , T be the time slot of the day, k = 1, . . . , K be the cluster memberships found by the clustering process, and
and t ∈ T be the occupancy probability distribution of a cluster k. The values of μ k were obtained after the clustering process and represent the probability of occupancy at a given time slot t. Additionally, the cluster probabilities given the weekday were also computed during the clustering process;
. . , W and W = 7 represents the number of weekdays present in the dataset. The likelihood function of a day x n is:
Since the dataset is highly correlated in a weekly fashion, the methodology proposed by Barbato et al. [8] to compute cluster probabilities at the beginning of the day given the cluster membership of the previous weeks of the same weekday δ k = [0, 1] is applied. Therefore the probability that a new observation x new = (x new,1 , . . . , x new,t * ), where t * is the current time slot in the new observation, is computed as follows:
The cluster allocation k * for the new observation x new is the one with the highest likelihood of c k,t * . Finally, the occupancy probability of a person at the timeslot t * is μ k * ,t * .
B. Merging User Profiles: Aggregated User
The easiest way to incorporate multiple occupancy profiles is to merge them into one artificial profile, i.e. merged profile, which is created by applying a logical OR operation to the individual binary occupancy profiles.
Since the merged profile corresponds to a single merged user, it can be used as input for the methodology described in the previous section. Additionally, to assure user comfort requirements, we incorporate a parameter: user tolerance (UT ∈ [0, 1]) defined by Duflou et al. [9] as the time percentage that a user is willing to accept discomfort due to non-availability of the system service.
Let u = 1, . . . , U be the users involved in the merging process, x u,n = (x u,n,1 , . . . , x u,n,T ) be the n-th occupancy observation of user u. Let x n = (x n,1 , ..., x n,T ) be the merged profile of the n-th day for a time slot t * ∈ T where x n,t * = 1 if ∃u ∈ U (x u,n,t * = 1); otherwise, x n,t * = 0.
The merged profile x was used as an input for the clustering algorithm described in the previous section. Then, the cluster prediction k * was performed for every new time slot t * ; Let b k = (b k,1 , . . . , b k,T ) , b k,t = {0, 1}, k ∈ K, t ∈ T be the periods of time when occupancy is expected taking into account a tolerance level UT . b k is computed by discarding the periods of time with the lowest occupancy likelihood such that the proportion of discarded area below the probability distribution to be equal to the UT parameter. In other words, a threshold is calculated below which b k is set to zero. Therefore, the expected room temperature at time t * (ET t * ) is:
Where setpoint and setback are the expected temperatures when the heater is in state on or off respectively.
C. Merging User Profiles: Weighted Combination
In this section, a weighted method to combine user profiles to compute the expected temperature in an office based on occupancy predictions is presented. Unlike the previous section, here the user profiles are treated individually. Their prediction outputs are linearly combined, based on their occupancy probability, desired temperature, and tolerance, to compute the expected temperature for the office.
The process starts by clustering every user observations x u , u ∈ U . As a result, the clustering process found sets of clusters k u = 1, . . . , K u for each user. Let UT u = [0, 1], u ∈ U be the user tolerance. Those parameters were used to compute the expected periods of occupancy per user and cluster:
The prediction part described in Section III-A provided two outputs: the most likely cluster at a given time k * u and the occupancy probability μ u,k * ,t * . Additionally, let s u ∈ R be the desired temperature of a certain user; the expected room temperature at time t * is: This section shows and discusses the results of applying the clustering technique to the datasets, and the desired temperature predictions based on the two proposed methods in Section III. The experiments were tested by dividing the dataset into 20 weeks to train the model and 2 weeks to test the predictions. The weekends were not analyzed in the experiments since the users were interacting in an office environment. Additionally, the results were compared with a fixed heating schedule of 12 hours, i.e. from 7 am to 7 pm, which is typically applied to offices. During this period of time, the system provides a temperature of 21 o C.
A. Clustering
The clustering technique described in Section III-A found three and two clusters for users 1 and 2 respectively ( Figure  3-A,B) . These clusters represent typical occupancy days. User 1 has three typical days: absence, presence during office hours, and presence during a shorter period during working hours with an extra presence block with low probability. Likewise, user 2 has only two typical days: absence and presence during office hours. However, the arrival, departure times and length of presence of the different clusters are not the same; additionally, the 'absent' cluster in all users has a high likelihood. This provides an opportunity to optimize the heating control such that operational periods of the system can be reduced while maintaining thermal comfort. The merged profile contains two clusters; this is an expected result since this virtual user is a combination of the two users.
The derived operational time b u,k was computed by taking a user tolerance UT equal to 0.03, 0.04 and 0.03 for user 1, user 2 and the merged user respectively. We set different UT values to simulate a more realistic environment.
B. Expected Temperature Predictions
The temperature predictions by using the aggregated user method provided a daily usage savings of 26% with respect to the reference temperature scenario ( Figure 4A ) for the entire testing period of two weeks. However, it is unknown whether the tolerance requirements were met since there is only one global user tolerance UT parameter. Additionally, this method assumes that all user needs in terms of thermal comfort are met with the setpoint temperature, i.e. 21 o C; yet, this method can not exploit the fact that there could exist more lenient users in terms of tolerance and thermal requirements.
The temperature predictions produced by the weighted method achieved a daily usage savings of 33% (s 1 = 19.5 and s 2 = 20.5) with respect to the reference temperature scenario ( Figure 4B ) for the testing period. Since this method deals with specific user requirements in terms of tolerance and thermal comfort, the possibility to increase the energy savings increases, i.e. expected temperatures lower than 21 o C. For instance, a user with high thermal requirements but with a low probability of presence during certain time intervals does not have a representative impact on the system. In contrast, a user with lower thermal requirements but with a high probability of being present at a certain time does have a considerable impact on the system. Therefore, users with lenient temperature requirements are well exploited in the system positively influencing the energy consumption.
C. Cluster Prediction
The identification of the right cluster based on the current occupancy status is a key component in the proposed methods. Figure 5 depicts the evolution of the cluster probabilities during one testing day for user 1. At the beginning of the day cluster 3 (c 3 ) is the most likely, given the cluster labels of the previous weeks [8] . Clusters c 2 and c 3 expect arrivals around 9 am, however this did not happen; then, c 1 becomes dominant. As soon as the user arrived, c 1 became less likely and c 2 became, again, the most dominant.
V. CONCLUSIONS
Smart thermostats can be enhanced by incorporating methodologies to deal with multi-user environments. The trade-off between user comfort and energy savings is incorporated into the system by combining modelling, predictive methods and user preferences, e.g. thermal comfort and tolerance. Multi-user environments require the incorporation of individual profiles to make general decisions. One way to incorporate them is to treat all users as one, i.e. the aggregated method, and defining global thermal and tolerance parameters. A more advanced approach is to combine the thermal estimations of the users in a weighted manner; here, individual tolerances, thermal expectations, and occupancy likelihood are incorporated to compute one global temperature value.
The presented techniques reduce the daily system operational time compared with a typically fixed schedule in an office, i.e. from 7 am to 7 pm, in 33% during the two-week testing period, while maintaining the overall comfort for all users. Occupancy prediction plays an important role, therefore, users with clear patterns provide more usability to the system. The system can be improved by incorporating feedback mechanisms to learn desired temperatures as a function of environmental variables such as outside temperature, time of the day, etc.
